Under the open innovation paradigm, technology transfer of process patents is one of the most important mechanisms for manufacturing companies to implement process innovation and enhance the competitive edge. To achieve promising technology transfers, we need to evaluate the feasibility of process patents and optimally select the most appropriate patent according to the actual manufacturing situation. Hence, this paper proposes an optimal selection method of process patents using multiple criteria decision-making and 2-tuple fuzzy linguistic computing to avoid information loss during the processes of evaluation integration. An evaluation index system for technology transfer feasibility of process patents is designed initially. Then, fuzzy linguistic computing approach is applied to aggregate the evaluations of criteria weights for each criterion and corresponding subcriteria. Furthermore, performance ratings for subcriteria and fuzzy aggregated ratings of criteria are calculated. Thus, we obtain the overall technology transfer feasibility of patent alternatives. Finally, a case study of aeroengine turbine manufacturing is presented to demonstrate the applicability of the proposed method.
Introduction
Because of fast-changing market trends and customer needs, manufacturing companies should not only emphasize internal research and development of innovative technology [1, 2] , but also strive to use technology transfer to remedy their technological limitations or to acquire necessary technologies from external sources [3] . Under the open innovation paradigm, technology transfer is one of the most important mechanisms for acquiring knowledge from external sources to secure innovative and advanced technologies in high-tech industries [4] [5] [6] [7] . Process patent has become an important knowledge resource for technology transfer due to its innovative and practical features. Many efforts have been made in manufacturing innovation aspects that rely on the knowledge of patents, especially in computer-aided innovation using patents [8] [9] [10] [11] , such as the promising patents identification using TRIZ (the theory of inventive problem solving) evolution trends [7, 12] , patent analysis applying text-mining technique [13] , and patent search for technology transfer [14] . However, these technical patents containing innovative principles or methods originally intended to solve certain technical problems or improve the current manufacturing technology. As for the promising technology transfer of patents knowledge into a company, it is necessary to evaluate the technology transfer feasibility of candidate process patents and select the most appropriate alternative in the actual manufacturing environment.
Considering the innovative characteristics of process patents and the manufacturing specificity of enterprise environments, technology transfer feasibility evaluation is needed to examine degree of advanced technology, technology life cycle, and process evolutionary trends, and so forth and to analyze manufacturing profitability for the current process innovation. In order to select process patents for technology transfer, a reasonable evaluation index system is required. Furthermore, quantitative index and qualitative factors based on the evaluation criteria can be evaluated by multiple domain experts or decision-makers. Thus, optimal selection of process patents should be conceptualized as a multiple criteria group decision-making problem [15, 16] concerning how to evaluate candidate patents and select the most appropriate alternative.
Due to the complexity and fuzziness of above problems, it is difficult for decision makers to evaluate the given objects using exact values, but they can express their preference applying fuzzy linguistic evaluation information. Thus, experts devote themselves to judging the technology transfer feasibility by the subjective perception or experiential cognition in the decision-making process. However, there exists a certain extent of fuzziness, uncertainty, and heterogeneity [17] . Besides, it is prone to information loss during the integration processes and because of it the evaluation result of patent performance level may not be consistent with the expectation of experts [18] . There is a need for a rational way to compute the performance ratings of process patents in the process of evaluation integration.
In previous group decision making with linguistic assessment information, two classical computational models were developed to perform linguistic computations based on the fuzzy linguistic approach: linguistic computing model based on membership functions [19, 20] and symbolic linguistic computing model [21] . However, both linguistic computing models produce loss of information due to the approximation processes and hence a lack of precision in the results. This loss of information is produced because the information representation model of the fuzzy linguistic approach is discrete in a continuous domain. To avoid information loss and to improve the precision in processes of computing with words, 2-tuple fuzzy linguistic representation model was presented by Herrera and Martínez [18] . In addition, there are several symbolic linguistic computing models widely used in linguistic decision making, which were proposed to improve the accuracy and understandability of the processes of computing with words, such as the virtual linguistic model [22] and the proportional 2-tuple linguistic model [23] . A comparative analysis among the above several models has been carried out by Rodríguez and Martínez [24] , and the results showed that the 2-tuple linguistic model keeps the syntax and fuzzy semantics in its results, whereas the other two models do not keep them. And 2-tuple linguistic computational model provides accurate and understandable results because they are represented by means of a linguistic term and a numerical value. For these reasons, it seems to be the most adequate linguistic computing model to deal with linguistic information in decision problems. In recent years, the 2-tuple fuzzy linguistic computing has been used in multiple research fields, for example, the evaluation of new product development performance [25] , enterprises' intellectual capital evaluation [26] , product design selection [27] , and quality evaluation for health-related websites [28] , and so forth. The approach not only inherits the existing advantage of fuzzy linguistic computing but also overcomes the disadvantage of information loss of other fuzzy linguistic approaches [29, 30] .
An optimal selection method based on 2-tuple fuzzy linguistic information is proposed in this research. Firstly, evaluation index system for technology transfer feasibility of process patents is designed by domain experts. And the necessary data from the expert committee can be gathered to determine criteria weights and the performance ratings of candidate process patents. Then, apply 2-tuple fuzzy linguistic computing approach to aggregate the fuzzy linguistic evaluations of criteria weights for each criterion. Furthermore, the fuzzy linguistic evaluations of performance ratings for subcriteria and the fuzzy aggregated ratings of each criterion can be calculated. And then, we compute the technology transfer feasibility of candidate process patents and select the most appropriate alternative for technology transfer.
The rest of this paper is structured as follows. In Section 2, the demand of optimal selection of process patents is presented, then evaluation index system for technology transfer feasibility of process patents is designed, and some definitions and operations about 2-tuple fuzzy linguistic variable are introduced. In Section 3, in order to implement promising technology transfer, we propose a technology transfer feasibility evaluation model based on fuzzy linguistic information. Then a case study is illustrated in Section 4 for demonstrating the rationality of the proposed approach in practice. Finally, the discussion and conclusions of our work are stated.
Preliminaries

The Optimal Selection of Process Patents for Technology
Transfer. Patent databases contain mass process patents. Before the technology transfer of process innovation, we can get candidate process patents meeting the basic requirements by retrieving. We call this step the preliminary selection. Then, a feasibility evaluation is needed for candidate process patents in the specific enterprise environment, so as to optimally select the most appropriate process patents and further to achieve process innovation by technology transfer, as shown in Figure 1 . Many efforts have been made on patent search for innovation, for example, function-oriented search [31] , classification and search by TRIZ principles [13, 32] , and concept-based search [33] . In this study, we focus on how to implement optimal selection of patents.
Evaluation Index System for Technology Transfer Feasibility of Process Patents.
Process patents generally contain innovative manufacturing theories or new process methods within available resources, so as to achieve the desired process objectives, such as processing quality improvement, manufacturing costs reduction, or leading process development. When companies need to implement technology transfer of patents' knowledge into actual process innovation, candidate process patents should be evaluated from process advancement and enterprise future applications of patents technologies. Through the literature review and discussion with domain experts, for example, technology executives, innovators, and so forth, we present a hierarchy evaluation index system for technology transfer feasibility of process patents, as shown in Figure 2 . The evaluation index system is composed of three levels: the first level is the overall evaluation objective; the second level is evaluation criteria; and the third level is corresponding subcriteria of each criterion. We divide the technology transfer feasibility into four parts through analyzing manufacturing process innovation: process advancement, enterprise applicability, manufacturing profitability, and competitiveness improvement. These criteria and their relevant subcriteria are illustrated in Figure 2 .
2-Tuple Fuzzy Linguistic
Computing. The fuzzy linguistic approach represents qualitative aspects as linguistic values by means of linguistic variables [34, 35] . The linguistic information with a pair of values is called 2-tuple that is composed of a linguistic term and a number [18] . A 2-tuple linguistic variable can be denoted as ( , ), where represents the central value of the th linguistic term, and denotes the distance to the central value of the th linguistic term. For example, a set of terms = { 0 : VP, 1 : P, 2 : F, 3 : G, 4 : VG} represents that contains five linguistic terms, "Very poor, " "Poor, " "Fair, " "Good, " and "Very good, " which are denoted as 0 , 1 , 2 , 3 , and 4 , respectively. And each of the linguistic terms is assigned one of five triangle fuzzy numbers which can be represented by a fuzzy membership function [36] (see Figure 3) . A 2-tuple linguistic variable set probably comprises three, five, seven, or more terms. Generally, a five-term set has more practical applications [25] . Definition 1. Let = { 0 , 1 , . . . , } be a linguistic term set, and ∈ [0, 1] be a crisp value representing the aggregation result of linguistic symbolic translation. Then the symbolic translation process is applied to translate into a 2-tuple linguistic variable. The generalized translation function (Δ) can be defined as
where round(⋅) is the usual round operation, has the closest index label to , and is the value of the symbolic translation.
Definition 2.
On the contrary, a reverse equation Δ −1 is necessary to convert the 2-tuple linguistic variable into its equivalent value ∈ [0, 1], which can be computed by the following formula:
Definition 3. Let = { ( 1 , 1 ) , . . . , ( , )} be a set of 2-tuple fuzzy linguistic variable; their arithmetic mean̄can be calculated as
. . , ( , )} be a 2-tuple fuzzy linguistic variable set, and let = { 1 , . . . , } be the weight set of linguistic terms; their 2-tuple linguistic weighted averagēcan be computed as
where is a linguistic term of set , and ∈ [−1/2 , 1/2 ).
In addition, when = {( 1 , 1 ), . . . , ( , )} is the linguistic weight set of each , this linguistic weighted average operator can be calculated as
Furthermore, we can compare the linguistic information represented by 2-tuple fuzzy linguistic variables. If ( , ) and ( , ) are two 2-tuple fuzzy linguistic variables, the comparison of both linguistic variables are shown as follows. 
Technology Transfer Feasibility Evaluation Model of Process Patents
In manufacturing companies, the promising process patents for process innovation essentially contain new innovative theories and methods. Due to the actual environment of manufacturing companies, it is difficult to evaluate technology transfer feasibility of candidate process patents from multiple criteria using precise values. In this case, the fuzzy linguistic variable is more suitable for domain experts to evaluate the performance of technology transfer feasibility. Hence, a fuzzy linguistic computing method is applied in this paper to measure the technology transfer feasibility level of process patents. The specific procedure of this proposed evaluation model is represented in Figure 4 , and the definite process is shown below.
Step 1. Construct a suitable expert committee and design the evaluation index system for technology transfer feasibility of process patents. Let = { 1 , 2 , . . . , } be the established expert committee and let = { 1 , 2 , . . . , } be a set of candidate process patents. In addition, assume that there are criteria ( = 1, 2, . . . , ), and each criterion includes several subcriteria in the evaluation index system for technology transfer feasibility of process patents.
Step 2. Select the linguistic term set for the criteria weights and the performance ratings and gather necessary data from the performance ratings and gather necessary data from the expert for each criterion and corresponding subcriteria for each subcriterion with respect to each criterion S t e p 2 .
S t e p 3 . S t e p 4 .
S t e p 5 .
S t e p 6 .
S t e p 7 . the expert committee. Transform these linguistic terms into 2-tuple linguistic variables; for example, ( , ) denote the 2-tuple fuzzy criteria weights of the th subcriteria with regard to the th criteria of the th expert.
Step 3. Aggregate the fuzzy linguistic evaluations of criteria weights generated by the experts for each criterion and corresponding subcriteria. Here, according to the different requirement of technology transfer for process innovation, the criteria weights of technology transfer feasibility of process patents may vary. The aggregated criteria weighting values of experts are calculated as follows:
where is the fuzzy importance of subcriteria with respect to of the th expert, is the fuzzy importance of of the th expert, and ∈ [0, 1] is the expert weight of the th expert in determination of criteria importance,
Particularly, when the expert weights are equal to each other, the aggregated criteria weighting values can be obtained using (3):
Step 4. Aggregate the fuzzy linguistic evaluations of performance rating generated by the experts for each subcriterion with respect to each criterion. Assume that expert weights are the same in performance evaluation of process patents, and applying (3) to obtain the aggregation of fuzzy linguistic evaluation values, we have
where is the fuzzy rating of subcriteria with respect to of the th expert.
Mathematical Problems in Engineering
Step 5. Compute the fuzzy aggregated ratings of each criterion by (4):
, is on the subcriteria of the set , and ∈ [−1/2 , 1/2 ) for = 1, 2, . . . , .
Step 6. Compute the overall technology transfer feasibility (OTF) of process patents, and the linguistic term can be used to represent the feasibility level of process patents for process innovation in the manufacturing company:
, is on the subcriteria of the set , and ∈ [−1/2 , 1/2 ).
Step 7. Conclude from the OTF results of candidate process patents to implement process innovation in the manufacturing company.
Case Study
In this case, the proposed method is applied to optimally select the most appropriate alternative for technology transfer of turbine manufacturing in an aero-engine company. Through the preliminary selection, there are six patent alternatives needing to be evaluated (as shown in Table 1 ): { 1 , 2 , 3 , 4 , 5 , 6 }. To gather necessary data, the researchers conduct in-depth interview with the expert committee including process researcher, TRIZ expert, and technical manager and explain the linguistic variable and its semantics to them. According to the proposed method, the process of most appropriate patent selection is presented as follows.
Step 1. A expert committee has three experts: { 1 , 2 , 3 }. The evaluation criteria and subcriteria are illustrated in Figure 2 .
Step 2. Each expert uses the linguistic importance variables to describe the importance of criteria and subcriteria and use the linguistic rating variables to evaluate performance ratings of subcriteria for the six alternatives. The linguistic variables of the importance and rating are displayed in Table 2 . The necessary data of criteria weights and performance ratings are given in Tables 3 and 4 , respectively.
Step 3. During the evaluation performance ratings of process patents, criteria weights can be considered to be equal under normal circumstances. In the criteria weights determination of this case study, we suppose the vector of expert weight is [0.4, 0.3, 0.3] according to the professional knowledge and experience of experts and company-specific circumstances. Thus, by using (6), the aggregated criteria weights of each criterion and corresponding subcriteria are obtained, as shown in Table 3 . For example, the weights of "Degree of advanced technology" and "Process advancement" are calculated as
Step 4. We assume expert weights are equal in performance evaluation and use (8) to compute the aggregation of fuzzy linguistic evaluation values of subcriteria. For example, the evaluation values of "Degree of advanced technology" for 1 is calculated as
Step 5. The fuzzy aggregated ratings of each criterion of 1 are shown in Table 5 . For example, fuzzy rating value of "Process advancement" for 1 is obtained by (9) as
Mathematical Problems in Engineering 7 Method of manufacturing a turbine blade, system for manufacturing a turbine blade, intermediate member for manufacturing a turbine blade, and turbine blade manufactured by means of the aforementioned method
Pipe for steam turbine, manufacturing process of same, and steam turbine power plant using those pipes
Method for manufacturing a turbine nozzle guide vanes sector or a compressor guide vanes sector from composite material for a turbomachine
Method for manufacturing a turbine blade P 6 CA2714809 C System for washing an aerogas turbine engine Table 2 : Linguistic variables of the importance and rating. Step 6. By using (10), we can compute the OTF of six alternatives, as shown in Table 6 . For example, the OTF of 1 is calculated as
Step 7. As shown in Table 6 , the ranking of candidate patents is obtained from the overall evaluation results. Thus, the OTF of alternative 1 , ( 3 , 0.032), represents its feasibility is slightly higher than "Good", and the alternative 1 is worse than the alternative 2 since 2 is farther from linguistic term 3 and closer to linguistic term 4 . The overall ranking of the six patents is 2 ≻ 6 ≻ 1 ≻ 4 ≻ 3 ≻ 5 , where the symbol "≻" denotes superior to. Hence, 2 is the most appropriate patent, and 6 is followed. In addition, the actual results of process innovation in the aeroengine company show that the technology transfer of turbine manufacturing has been successfully achieved by introducing the patent 2 . We can see that the overall evaluation results and ranking of candidate patents are consistent with description of expert committee, and the proposed method is applicable for optimal selection of process patents.
Discussion and Conclusions
Because of the complexity and fuzziness of technology transfer feasibility evaluation, experts often evaluate the importance and the ratings of qualitative criteria in the form of linguistic variable. In this research, we propose an optimal selection method of process patents using 2-tuple fuzzy linguistic computing and implement a case study of aeroengine turbine manufacturing by the method. The results show that the proposed method can obtain the overall evaluation results, which contain central value and the distance to the value . This facilitates optimal selection and is suitable to avoid information loss during the processes of evaluation integration. And from the current application point of view, the proposed method is effective and applicable for process innovation. The proposed method can support technology transfer of process patents under the open innovation paradigm, and the evaluation results can provide a reference for manufacturing companies to implement process innovation and enhance the competitive edge. The requirements of process innovation vary during different stages of the production. Thus, evaluation criteria weights of technology transfer feasibility may be different for various stages of process innovation, even within the same company. Hence, criteria weights are aggregated initially by 8 Mathematical Problems in Engineering Ratings for subcriteria
experts having unequal expert weights, and then performance evaluation is calculated. On this point, our method is designed by considering the variability of innovation. Because of this, the results obtained in this case study are specific for technology transfer of process innovation in that company; the results may be different for other companies. In addition, the evaluation results do not indicate the quality or level of patents themselves, but they just show the ranking of candidate process patents for technology transfer of a particular process innovation in the company. To facilitate description of the proposed method and to simplify the calculations, the expert committee chooses only three experts based on the company-specific circumstances in the case study of this paper. In practical decisions, we can increase the number of experts to avoid the arbitrariness. Additionally the method and results of this study can also be applied in the evaluation and selection of other innovative candidates, such as process innovation solutions. However, we consider only the subjective evaluation of technology transfer feasibility in this paper; actually the objective evaluation is also important for optimal selection of process patents in practice. In the future, we will explore objective evaluation from the perspectives of patent innovation principle and corresponding enterprise manufacturing data by artificial intelligence, for example, data mining techniques; thus, process patents for technology transfer will be jointly considered objectively and subjectively.
